The CAPM as the benchmark asset pricing model generally performs poorly in both developed and emerging markets. We investigate whether allowing the model parameters to vary improves the performance of the CAPM and the Fama-French model. Conditional asset pricing models scaled by conditional variables such as Trading Volume and Dividend Yield generally result in small pricing errors.
Introduction
Pricing risky assets is a daunting task. This is especially true for emerging markets where institutional, political and macroeconomic conditions are generally volatile.
This high volatility can have two important implications for the tests of asset pricing models. First, the parameters of the asset pricing models and expected returns are unlikely to remain constant over time. Second, the distribution of asset returns departs from the normal distribution. In emerging markets the frequency of extreme observations is considerably higher which results in thicker tails as indicated by high kurtosis values. In this paper we address both of these issues.
To account for the first implication, we evaluate the performance of unconditional and conditional CAPM and Fama-French models for an emerging market in a discount factor framework for which GMM may be used for estimation and inference. It is well known that the GMM does not require strong distributional assumptions. Moreover, the discount factor methodology requires minimal assumptions regarding the individual investor's preferences. The expected return and parameters of the stochastic discount factor are allowed to vary with investors' information set through a scaled factor methodology advocated by Cochrane (1996) . The information set consists of variables that could either predict future returns or summarize business cycle variation. To account for the fact that emerging markets returns may be driven by non-information trading based on speculative motives we also include trading volume as a conditioning variable. This variable has been shown in the literature as an indicator of the extent of speculative trading as well as an indicator of the extent of non-trading of relatively illiquid securities of emerging markets. To investigate whether scaled or unscaled factors earn any risk premia, the paper applied the Fama-MacBeth and the sequential GMM approach recently investigated by Shanken and Zhou (2007) .
To account for thick tails and excess kurtosis we investigate discount factor models augmented with a cubic market factor. The higher order co-moment literature provides evidence that for emerging markets kurtosis is more relevant than skewness.
See for example Hwang and Satchell (1999) . The cubic market return is consistent with co-kurtosis as a pricing factor.
Using 16 Size× Book-to-Market portfolios as test assets from Pakistan's stock market 1 it is found that unconditional CAPM is rejected in favour of the Fama-French model.
The Fama-French model performs better in terms of Hansen-Jagannathan distance measure. The performance of the conditional models depends on the conditioning variable employed. Some conditioning variables such as Trading Volume and Dividend Yield results in small pricing errors but the best conditional model suffers from the parameter instability as signalled by the Sup LM test of Andrews (1993) . It is found that an unconditional Fama-French model augmented with a cubic market factor performs the best among the competing models with stable parameters. This model is also more parsimonious compared to the conditional Fama-French model in terms of the number of parameters. In summary, we investigated two plausible improvements in the benchmark unconditional CAPM (i) accounting for the time variation in expected returns and parameters and (ii) allowing for thicker tails and excess kurtosis relative to the normal distribution which is an inherent assumption of the CAPM. It is found that for the emerging market under consideration, a discount factor model that takes account of the excess kurtosis in addition to the Fama- factors explain the expected returns of asset returns better than the conditional models scaled by term spread, short term interest rate, dividend yield, trading volume, cyclical component of manufacturing production and a January dummy.
Following this introduction the paper is organized as follows. Section 2 discusses the case for and against conditional asset pricing models. Sections 3 reviews the literature on conditional asset pricing models in the developed and emerging markets. Section 4 describes the modelling and estimation framework. The data is described in section 5.
Results of the empirical analysis are discussed in section 6. Section 7 provides some robustness checks and section 8 concludes
The case for and against conditional models
The pioneers of asset pricing models [Sharpe (1964) , Lintner (1965) , Black (1972) and Ross (1978) ] assume that expected asset returns, covariances of the asset with factor and factor risk premiums are time invariant. Several arguments are put forward against these assumptions. One argument is that expected returns and risk premium vary over the business cycle. In a recession investors are short of liquidity and require higher risk premiums for a given level of risk. In a boom they have extra cash for investment and therefore the expected risk premium is less than otherwise. The investment opportunities also vary over time. From the firm's point of view Jagannathan and Wang (1996) argue that systematic risk of the firm measured by CAPM beta vary over time. During a recession financial leverage of the troubled firms increases causing their beta to increase. Brooks et al. (1992) point out that the maturity and growth of firms also tends to change the riskiness of the firm over time. This is especially true for technological and communication firms which have shown tremendous growth over recent times in both developing and advanced countries. The relative share of different sectors may also change due to technological shocks.
Hence, betas and expected returns would depend on the nature of the information available and may vary over time. In response to these arguments many authors have concluded that the empirical failure of the unconditional CAPM might reflect the misspecification due to wrong assumptions about the constancy of expected return, beta and the risk premium. Consequently a strand of asset pricing literature has emerged which incorporates conditional information that available to investors in the asset pricing model.
The constancy of risk and expected return especially in emerging markets may be questionable as the unstable macroeconomic and political conditions can bring considerable variation in the risk and expected return. Further, in emerging markets there is evidence of stock return predictability which is believed to be caused by information inefficiency and thin-trading. Drobetz et al. ( 2002) argue that this does not necessarily imply that the markets are inefficient instead. Drobetz et al. (2002) advance Ferson and Korajczyk (1995) argument of the time variability in the information set of the investors as a possible reason for stock return predictability. Ferson and Korajczyk (1995) provide evidence supporting the notion that predictability is the result of time-variation in expected returns. Harvey (1995) documents that stock returns in emerging markets are predictable using local instead of global instrument variables. Ghysels (1998) on the other hand points out that discount factor models that use conditional information may suffer from greater parameter instability than the corresponding unconditional models. Garcia and Ghysels (1998) provide such evidence in emerging markets and Schrimpf and Schroder (2007) observe similar results for a developed market. Our paper considers both conditional and unconditional models. We investigate the parameter instability problem by using the structural break test developed by Andrews (1993) .
Literature Review of Conditional Asset Pricing Models

Developed Markets
Harvey (1989) is one of the early studies that employed conditioning variables to allow time variation in conditional covariances. Harvey (1989) set up the orthogonality restrictions and tested the empirical feasibility of the conditional asset pricing model as over identifying J-tests through the GMM approach. Using 10 size sorted CRSP portfolios from the New York Stock Exchange, Harvey (1989) reports that the Sharp-Lintner asset pricing model is rejected and that conditional covariance does change over time. Jagannathan and Wang (1996) use the law of iterated expectations to derive the unconditional implications of the conditional asset pricing model that include the beta premium sensitivity in addition to the market beta. They were primarily interested in testing cross-section model implications on a large set of assets. Using 100 portfolios from the NYSE and AMEX sorted on the Fama-French factors they show that their model performed better compared to the static CAPM. Cochrane (1996) proposed to incorporate time variability in the stochastic discount factor by expressing it as a linear combination of risk factors where the coefficients of the factors vary with the available information set. Cochrane used the term 'scaled factors' to represent the risk factor multiplied by the information variables. This approach thus results in a general conditional factor model with conditional information based on instruments. Cochrane (1996) estimated and tested the implication of investment based asset pricing model through GMM on 10 size portfolios from the NYSE. His model performs better than a simple consumption based model Lettau and Ludvigson (2001) developed a conditional asset pricing model by following Cochrane's (1996) scaled factor approach. Using the consumptionaggregate wealth ratio as the conditioning variable they show that their approach performs better than the unconditional CAPM and consumption CAPM and performs at least as good as the Fama-French three factor model. Employing 25 Fama-French portfolios as test assets they estimated the risk premia for the scaled factor model with a single Fama-MacBeth cross section regression. Schrimpf and Schroder (2007) tested conditional asset pricing model using the scaled factor approach of Cochrane (1996) on the German stock market. Using 16 portfolios sorted on size and book-to-market they provide evidence in favour of conditional CAPM with Term Spread as conditioning variable. This model performs the best in terms of the HJ-Distance and is as good as the Fama-French model. The conditional asset pricing model with scaled factors is however shown to fail the parameter stability test in most cases they considered.
Using the industry portfolios from the UK, Fletcher and Kihanda (2005) tested several formulations of the conditional asset pricing model including the higher co-moment model. They found that the stochastic discount factor of the four-moment CAPM has the best performance among all the models they considered in terms of the lowest HJDistance and its ability to predict industry portfolios return. However their conditional models results in poor out-of-sample predictive power.
For the case of Japan using three portfolios based on the size, Hamori (1997) tested the conditional asset pricing model employing the conditional covariances similar to the GMM approach of Harvey (1989) . The model specification was rejected and the time varying CAPM did not provide a satisfactory approximation to the movements of time varying risk premia in Japan.
Emerging Markets
Using local and global instruments to allow time variability in the expected returns and risk premia, Harvey (1995) reveals that (i) predicability in the emerging markets can be traced by the time variation in the risk premia through local information (ii) the asset pricing model could not price the time varying risk and (iii) both conditional and unconditional asset pricing models are rejected.
Few studies provide empirical evidence on conditional asset pricing in emerging markets. For example, following the autoregressive approach of Bodurtha and Mark (1991), Garcia and Bonomo (2001) tested a conditional CAPM on the Brazilian stock market. They also include a variable to proxy inflation in an APT setting. Using three size portfolios their model could not be rejected as seen by an over-identifying Jstatistic. This statistic is based on a large number of over identifying conditions and therefore they advice caution in drawing any strong conclusion.
Exploiting the fact that emerging market returns are predictable to some extent on the basis of proper information variables, Drobetz, et al. (2001) used the scaled factor methodology of Cochrane (1996) to test a conditional asset pricing model on a group of emerging markets. Treating the country International Finance Corporation (IFC) index for eight large emerging markets as a homogenous group of assets and using the MCSI Word Index as the benchmark portfolio they estimated a linear discount factor model through GMM. They do not consider estimating risk premia. Using the J-test of over identifying restrictions as evidence they conclude that the predictability in the emerging market returns can be explained by time varying risk premia and therefore conclude that asset pricing in these markets is rational. They analyse from the point of view of a Swiss investor. Garcia and Ghysels (1998) expressed concern that the J-tests for the over identifying restrictions for the overall validity of conditional asset pricing model may have low power and may lead to erroneously accepting that risk premia as time varying. They tested the structural stability of the coefficient of the instrumental variables. These instrumental variables capture time variation in the risk premia. They emphasized that the structural stability test may provide a more powerful test of the conditional model.
Using a set of ten emerging markets they tested the structural stability of the parameter through the Sup LM test using both views of the markets i.e. integrated and segmented. They conclude that models which assume integration using a global instrument results in instable parameters while local models provide the time variation asset pricing with stable coefficients.
There have been very few studies that compare the performance of unconditional and conditional asset pricing models especially those that embody the Fama-French factors and the excess kurtosis frequently reported in the emerging market returns. No study on emerging markets has compared the unconditional and conditional FamaFrench models. Studies such as Garcia and Ghysels (1998) and Garcia and Bonomo (2001) use only three size portfolios therefore cross sectional implications of the model are difficult to ascertain. On the other hand studies such as Drobetz, et al. (2001) consider a sample of country indices as a homogenous group of assets.
However the internal institutional, industrial and economic structure of the markets may be different therefore and it is worthwhile to focus on a particular market in order to gain a detailed view of the risk-return relationship in the conditional asset pricing framework. The stock market of Pakistan is of special interest from two aspects.
Firstly, as point out by Khawaja and Mian (2005) this market shares the typical characteristics and features of an emerging market such as high return accompanied with excessive volatility, thickset tails and excess kurtosis in the returns distribution, low market capitalization but higher trading volume. Secondly, from an asset allocation perspective this market may be important given that in recent years its performance in terms of the local index gain has been impressive. In 2002 for example, this market was declared the best performing capital market in the world in terms of percent increase in the local market index.
In earlier studies on the Pakistan's stock market found evidence of non-linearity in the risk return relationship. Iqbal et al. (2008) also found that the restrictions of the Black CAPM in a multivariate simultaneous equation framework could not be rejected for Pakistan but the power of the Wald and GMM tests remain a concern as in the case of the GMM test in Garcia and Ghysels (1998) .
Conditional asset pricing models
Modelling and Estimation framework
According to Cochrane (2001) It can be seen that in the conditional case the time variation in the expected returns and risk premia are introduced by allowing the parameters of the linear discount factor to vary over time. To ascertain whether this discount factor prices all the assets under study or in other words to investigate whether time variation in the expected return really matters one can estimate the Euler equation (1) by GMM and subsequently testing for the validity of the model by some measures such as the J-test for over identifying restrictions. However this is complicated from two perspectives.
Firstly the information set t I is not observable by the econometrician and secondly in (2) two parameters have to be estimated for each time point making the estimation infeasible. In deriving unconditional implications for the conditional model similar to Jagannathan and Wang (1996) we could take unconditional expectation of (1) but note
. That is conditional mean variance efficiency does not imply unconditional mean variance efficiency. This observation led Hansen and Richard (1987) to assert that in general no conditional asset pricing model is testable. Cochrane (1996 Cochrane ( , 2001 ) offers a partial solution to this problem by setting the parameters of the SDF to depend on the time t information set linearly i.e.
Cochrane calls this approach of representing the discount factor as the scaled factor model. Using a single factor his model leads to
While in the three factor case 
In the actual application we will drop the terms not involving the risk factor following Cochrane (1996) . We will investigate the consequence of this approach in section 8. It is interesting to note that the scaled multi factor models (4) and (5) The GMM will yield estimates of b i and the associated standard errors and the t-test on the coefficients will enable us to ask whether the associated unscaled or scaled factor helps explaining the variation in the pricing kernel. But we are also interested in assessing whether any unscaled or scaled factor commands a risk premium. There are various ways of estimating and testing the significance of risk premia associated with the factors. Using the beta representation of the SDF model Lettau and Ludvigson (2001) employ the two-step procedure of Fama and MacBeth (1973) to estimate risk factor premia. In the first step they estimate the discount risk factors through OLS via a time series regression and in the second step multiple regression they estimate the cross sectional risk premia. According to Lettau and Ludvigson (2001) in a short time series samples the optimal GMM (in contrast to the non-iterated OLS) may yield imprecise estimates of the weighting matrix which may give unrealistic parameter estimates. The link between the discount factor approach and expected return-beta representation approach is pointed out by many authors such as Wang (2005) . Equation (6) using the definition of covariance can be written as
Here b is the vector of the coefficients of the linear factor model. Let Then the beta representation of the SDF can be expressed as
Our second method of estimating risk premia is the sequential GMM approach of Ogaki (1993) which has been recently investigated by Shanken and Zhou (2007) . We express (7) in following way:
The sample moment conditions are set up as follows: 
independent of the weighting matrix. Substituting these estimates into the last N moment conditions yield the GMM estimates of risk premia by
. This sub system will be generally over-identified with N moment conditions and
parameters. This GMM estimator is not subject to the errors-in-variables problem as the generated regressors are not employed in the estimation of risk premia. Only the parameter estimates i.e. the means and variances of assets returns and factors from the first stage are employed to estimate risk premia in the second step. Another usual GMM advantage is robustness to heteroskedasticity and serial correlation in the assets returns.
Model Specification Tests
Using the Euler equation (6) for the model with the SDF factor given by either (4) or (5) the pricing error for the model can be expressed as
Here b is the vector of all the coefficients of the SDF model. The sample analogue of the pricing errors is:
For the true model,
GMM selects b such that the following weighted combination of the sample pricing errors is minimized.
Here T W is the weighting matrix. In the literature T W is specified as either the optimal weighting matrix
proposed by Hansen (1982) or the weighing matrix
which is suggested by Hansen and Jagannathan (1997) . remains invariant across the models that employ the same set of test assets. This is advantageous when comparing different models. One difficulty with using the non-optimal weighting matrix is that Chi Square asymptotic p-values are not applicable. Jagannathan and Wang (1996) show that Garcia and Ghysels (1998) express the concern that the J-tests for the over identifying restriction for the overall validity of a conditional asset pricing model may have low power especially for emerging markets for which the structural stability of the economic relationships may be questionable. They alternatively advocate using a Sup LM of Andrews (1993) to test the structural stability of the SDF parameters which may be a more powerful test of model specification. The null hypothesis is that the SDF parameter b is constant and the alternative hypothesis assumes that there is a single break at some unknown point π in the sample.
The data and Diagnostics Tests
The price data
The data consisting of monthly closing prices of 101 stocks and the Karachi Stock routinely available for all firms in the database. However the financial daily, the Business Recorder 2 reports some information over the recent past. We selected the market capitalization of all selected stocks at the beginning of July 1999 which corresponds roughly to the middle of the sample period considered in the study. We use monthly data and compute raw returns assuming continuous compounding.
The portfolio returns and the Fama-French factors
We employ 16 size × book-to-market portfolios from the emerging market of Pakistan non-normality appears to be the excess kurtosis.
The Conditioning Variables
Although the investor's information set is unobservable several studies have 
Test of Asset Pricing Models: Results and Discussion
Unconditional Factor Models
Panel A of Table 5 indicate that the coefficient of market return factor is significantly different from zero with a high t-statistic value. This implies that the contribution of market factor cannot be ignored. However the market risk premium is not significant. This is not surprising if we consider similar findings in developed and emerging markets. See for example Harvey (1995) and Lettau and Ludvigson (2001) . The absolute value and sign of risk premia differs for the Fama-MacBeth and GMM approaches. This could be explained by the fact that GMM uses the inverse of covariance matrix of the pricing errors which may be sensitive to the sample size employed as pointed out by Lettau and Ludvigson (2001) . 
The conditional Fama-French model
In the previous section we reported that the unconditional Fama-French model clearly outperforms the unconditional CAPM. Hence we investigate whether conditional information provides further improvement in the performance of the Fama-French model. Panels A through F of Table 6 The test statistic is similar in principle to a Likelihood Ratio test and is suggested by Newey (1987) who calls it the D-test which is given as follows:
Note that in both restricted and unrestricted models that same unrestricted weighting matrix is employed. The D-test does not reject any of the scaled factor models implying that conditional information does not improve the fit of the unconditional 
Considering thick tails and kurtosis
A possible reason for the biased prediction observed earlier may be that the discount factor for the Fama-French model may be misspecified. The literature on emerging markets indicates that the return generating process involving the square and the cubic market return factors capture skewness and excess kurtosis in the asset return. As Dittmar (2002) points out kurtosis is different from the variance. Variance measures the dispersion of observations from the mean whereas kurtosis captures the probability of outcomes that are highly divergent from the mean; that is, extreme outcomes. Considering kurtosis is especially useful in the case of emerging markets which are characterised by high frequency of extreme observations in either direction of the return distribution suggesting that thick tails relative to normal distribution. For example, for Pakistan's market and Hwang and Satchel (1999) for a group of emerging markets demonstrate that kurtosis is an important factor in modelling emerging market returns. It can be argued that this factor is consistent with an asset pricing model which includes co-kurtosis as a factor. Dittmar (2002) captures kurtosis by including a cubic aggregate wealth term in the pricing kernel. The results in Table 8 
Some Robustness Checks
In the analysis of conditional Fama-French models the term not involving the risk factor i.e. z t was dropped following similar practice in the literature. This may mean that scaled factor model such as (15) may be misspecified. In the literature the consequences of this misspecification are not discussed. We investigate whether this misspecification leads to the biased prediction of expected return illustrated in Fig 3. We consider the two best conditional models i.e. the models when scaling variable are 'Trading Volume' and 'Dividend Yield'. Figure 5 plots the pricing error for the case when the z t term is included and when it is excluded from both models. Including the The difference D-test strongly rejects the hypothesis that cubic market return is irrelevant in the pricing kernel. That is excess kurtosis needs to be considered when the modelling the risk return relationship. The quadratic term implying skewness may be ignored as supported in the test result.
Conclusion
Modelling risky asset prices has always been a daunting task as the prices are 
Appendix A: Computation of HJ-Distance and P-values
Hansen and Jagannathan (1996) show that
is a random variable distributed as Chi Square with 1 degree of freedom and
are N-k positive eigenvalues of the following matrix: 
Appendix B: Computation of Sup LM statistic
The simplified Sup LM statistic in Andrews (1993, page 837 ) is given by
Here π is allowed to vary between 0.2 and 0.8. In the computation full sample restricted estimates of the SDF parameters b are employed 5 . Critical values of the test are tabulated in Table 1 in Andrews (1993, page 840) . The table provides the critical values for both symmetric interval (such as the one used in this paper) and nonsymmetrical interval. We read critical values corresponding to row 4 × portfolios constructed from the intersection of four size and four book-to-market sorted portfolios. The last two columns report the Jarque-Bera normality test. The first subscript in the portfolio notation P ij represents the size quartile and the second denotes the book-to-market quartile. Normality is rejected in 11 out of 16 portfolios at 10 % level of significance. The non-normality appears to be caused by excess kurtosis. Note: This table presents the results of the hypothesis testing that the average difference in returns between a given month and the rest of the months is zero. In particular the return differences are compared for January, June and July with the rest of the months. The p-values of the t-test appear in parenthesis. The variances between the respective populations of returns are allowed to be different. 
The test statistic is asymptotically distributed as Chi-Square with number of degrees of freedom as number of restrictions in each equation which is 6 in this case corresponding to number of conditioning variables. Hansen and Jagannathan (1997) measure of model evaluation and specification. This is the square root of the quadratic form in the pricing errors. The weighting g matrix the second moment matrix of gross asset returns. The p-values are obtained by simulation using Hansen and Jagannathan (1996) . Sup-LM test is the Andrews (1993) test of structural stability of the parameters of the SDF model which assumes the alternative of single structural break at unknown point in the sample range. The critical values are obtained from Andrews (1993) . Realized Average Returns (% per month) Fitted Expected Returns(% per month) Figure 2 : Realized vs. fitted returns of the 16 size × book-to-market portfolios in percent per month for the four unconditional factor models. The figure present the pricing error plots for different specifications of the four unconditional models namely the CAPM, the cubic factor model that includes a cubic market return in addition to the market return, the Fama French three factor models and the Fama-French model with a cubic factor term. The first digit of the data labels represent the size quartile (1 = small, 4 = Big) and the second digit refers to the book-to-market quartile (1 = Low, 4= High) .The sample range is October 1992 to March 2006. The pricing errors are generated using SDF parameters estimates from the HJ GMM estimation to ensure the results of different models are comparable. Realized Average Returns (% per month) Fitted Expected Returns(% per month) Figure 3 : Realized vs. fitted returns of the 16 size × book-to-market portfolios in percent per month for the conditional three factor Fama-French model. The figure present the pricing error plots for different specifications of the FF model scaled by the each of the six information variables. The first digit of the data labels represent the size quartile (1 = small, 4 = Big) and the second digit refers to the book-to-market quartile (1 = Low, 4= High). The pricing errors are generated using SDF parameters estimates HJ GMM to make the results comparable across models. Realized Average Returns (% per month) Fitted Expected Returns(% per month) Figure 4 : Realized vs. fitted returns of the 16 size × book-to-market portfolios in percent per month for the two unconditional factor models augmented by a cubic market factor. The figure present the pricing error plots for different specifications of the two unconditional models namely the CAPM and the Fama-French model with a cubic factor term. The first digit of the data labels represent the size quartile (1 = small, 4 = Big) and the second digit refers to the book-to-market quartile (1 = Low, 4= High) .The sample range is October 1992 to March 2006. The pricing errors are generated using SDF parameters estimates from the HJ GMM estimation to ensure the results of different models are comparable. The first digit of the data labels represent the size quartile (1 = small, 4 = Big) and the second digit refers to the book-to-market quartile (1 = Low, 4= High). The pricing errors are generated using SDF parameters estimates HJ GMM to make the results comparable across models.
